We define and motivate the problem of summarizing partial email threads. This problem introduces the challenge of generating reference summaries for partial threads when human annotation is only available for the threads as a whole, particularly when the human-selected sentences are not uniformly distributed within the threads. We propose an oracular algorithm for generating these reference summaries with arbitrary length, and we are making the resulting dataset publicly available 1 . In addition, we apply a recent unsupervised method based on Bayesian Surprise that incorporates background knowledge into partial thread summarization, extend it with conversational features, and modify the mechanism by which it handles redundancy. Experiments with our method indicate improved performance over the baseline for shorter partial threads; and our results suggest that the potential benefits of background knowledge to partial thread summarization should be further investigated with larger datasets.
Introduction
Despite the relatively early advent of emails compared to other forms of electronic communication, the continued proliferation of emails make them an ongoing focus of NLP research. With users experiencing an increasing flow of emails and decreasing screen sizes, there has been a growing interest in the email summarization task: given an email thread with multiple participants, provide a summary of the contents of the thread. Such summaries should contain the key information in a thread and free a user from having to comb through its entire contents. Also, given that email threads can span days, weeks, or months, and users often participate in multiple threads at once, such summaries can serve as memory aids to users returning to or joining a thread in progress (Ulrich et al., 2008) .
Email threads are dynamic document collections, however, and the content of a summary may need to change over time as emails come in. Therefore, while the full thread summarization problem (extensively studied in the past as discussed in section 2) provides a single summary of a complete, archived email thread, we are interested in the partial thread summarization problem where we generate a succession of summaries, each summarizing the thread at different moments in time. More formally, for each email E i in a given email thread {E 1 ...E i ...E n } we wish to generate a summary for the corresponding partial thread (PT) {E 1 ...E i }. Given the novelty of the summarization task, in this paper we focus on investigating simple unsupervised extractive approaches, where the summary is a subset of the sentences in the source partial thread, and leave supervised and abstractive approaches for future work.
A partial thread summary will provide a summary of the thread so far, including the new email; it is intended to benefit users that may have forgotten the content of the preceding emails in the thread (or may be new to the thread) and need a quick refresh, possibly on the relatively small screen of a mobile device. Additionally, a user may want to "extend" a partial thread summary in order to get more information; and so we also investigate the ability to generate summaries of arbitrary length. The PT summarization problem is thus different from the update summariza-tion problem previously studied for news in the Text Analysis Conferences (Dang and Owczarzak, 2008) . The update summarization problem, applied to email threads, would provide a summary of only the incoming email with the assumption that the user knows and remembers the content of the preceding emails.
The new NLP task of summarizing email PT is challenging, not only because new algorithms may need to be developed, but also with respect to evaluating the generated summaries. While there are publicly available datasets -including BC3 (Ulrich et al., 2008) and an Enron-derived dataset (Loza et al., 2014) -that provide gold standard summaries for completed email threads, none to our knowledge provides such summaries for PTs; such annotation by humans would be prohibitive, as it would require a summary for each partial thread (i.e., each email) in the corpus. So, a challenge we face in the evaluation of PT summaries is due to the dearth of human annotations. More specifically, given gold standard human annotations of a thread as a whole, how do we generate reference summaries of each PT against which to compare automatically generated extractive summaries?
Most current summarization techniques for full thread summarization rely on the analysis of only the content of the input thread to decide what sentences should be included in the summary. However, since PT can be rather short we hypothesize that the identification of the most informative sentences would benefit from examining the larger informational context in which the PT was generated (eg. all the email generated in an organization). We test this hypothesis by applying and extending a recent summarization method based on Bayesian Surprise that leverages such background information for PT summarization.
The main contributions of this paper are as follows:
• We propose an algorithm for exploiting existing extractive gold standard (EGS) summaries of full threads to automatically generate oracular "silver standard" PT summaries of arbitrary length, as discussed in section 3. Further, we are releasing these silver standard summaries for the dataset used in this work.
• For PT summary generation, we propose an unsupervised method extending previous work on full-thread summarization that considers not only the input thread, but also background knowledge synthesized from a large number of other email threads. In particular, we developed a summarization method based on Bayesian Surprise (Louis, 2014) which takes into account conversational features of the partial thread, as discussed in section 4. We then evaluate the system-generated summaries using our silver standards with ROUGE.
• Using our silver standard with ROUGE, we carry out experiments to compare the summaries generated by Bayesian-based methods with summarization techniques that do not take into account background information.
Related Work
To generate PT summaries we propose an unsupervised extractive approach. Although to the best of our knowledge no one has studied PT summarization directly, there has been extensive work done in extractive summarization in general, as well as work done on email summarization specifically. Supervised methods have been proposed which turn the extractive summarization task into a binary classification problem where sentences are labeled in/out using standard machine learning classifiers (Rambow et al., 2004; . Variations of this approach include adding sentence compression and using integer linear programming to evaluate candidate summaries and select the best ones (BergKirkpatrick et al., 2011) . Sentence classification assumes sentences are independent from one another; and so to capture dependencies between sentences, the extractive summarization problem has also been recast as a sequence labeling problem using hidden Markov models and conditional random fields (Fung et al., 2003; Jin et al., 2012; Oya and Carenini, 2014) . The weakness of supervised approaches is the reliance on human-annotated labeled data, which is often expensive and difficult to acquire due to privacy concerns. Our extractive approach, therefore, will focus on unsupervised extractive techniques which do not require labeled data. Another benefit of unsupervised methods is that they can serve as features for supervised methods, meaning improvements in unsupervised techniques can directly benefit supervised systems.
Many unsupervised extractive summarization methods have been proposed for generic docu-ments, as well as for conversations. Some make use of textual features such as lexical chains, cue words ("In conclusion", "To summarize", etc.) or conversation structure to select the most informative sentences (Barzilay and Elhadad, 1999; Hatori et al., 2011; . Others make use of more advanced methods including topic modeling, latent semantic analysis or rhetorical parsing (Nagwani, 2015; Kireyev, 2008; Hirao et al., 2013) . Our algorithm for generating silver standard summaries of partial threads incorporates a topic modeling framework that, in turn, makes use of lexical chains and conversational structure.
There is also a large class of methods which build graphs with textual units (words, sentences, paragraphs, etc) as vertices and use similarity measures between the text units to form the edge weights. Once a full graph is created, an extractive summary is generated by using a centrality measure to select central nodes from a cluster and concatenating them to form a summary. Two popular systems are LexRank and TextRank, which both use a variant of the PageRank algorithm (Erkan and Radev, 2004; Mihalcea and Tarau, 2004; Mihalcea and Radev, 2011) . Graph methods are popular because of their simplicity and ease of implementation, and their performance has been shown to be competitive with other methods. Our silver standard algorithm and baseline summarizer both incorporate graph-based sentence scoring.
No matter how the information content (or the query relevance) of a sentence is computed, sentences should be included in the final summary not only if they are informative but also if they convey new information with respect to sentences already in the summary. One popular method known as Maximum Marginal Relevance (MMR) builds a summary with a scoring function that trades off between the "relevance" and "informationnovelty" of a sentence, and builds a summary by selecting sentences which maximize relevance and minimize redundancy with previously selected sentences (Carbonell and Goldstein, 1998) . While our silver standard generation system uses vanilla MMR, the Bayesian Surprise-based summarizers described in section 4 have a built-in means of handling information redundancy.
There has also been work on the task of unsupervised email summarization specifically. proposed the use of "fragment quotation graphs" (FQGs) to summarize asynchronous conversations. FQGs use the fact that a given email often contains quoted material from previous emails. These quotations, or "fragments", can then be used to create fine-grained representations of the underlying structure of a given email thread, allowing a set of particularly informative clue words to be identified. In this paper, we also exploit FQGs in our silver standard generation system, and we use a summarizer based on clue words as a baseline in our evaluations.
Furthermore, a key limitation of , common to other approaches to full-thread summarization, is to consider only the input thread in the summarization process; in contrast, a user's email history (or that of the user's organization) can provide valuable background knowledge. The summarizer we propose in this paper addresses this limitation by taking into account background knowledge synthesized from a large number of other email threads, which we argue is especially beneficial to PT summarization as the PT can be rather short and consequently unable to provide much ground for sentence selection.
Generating Silver Standard Summaries for Partial Email Threads
In order to automatically evaluate PT summaries (e.g., with ROUGE), human-generated EGS summaries are needed for comparison. However, because producing such EGS summaries is a timeconsuming and often difficult task, all publicly available email corpora we are aware of only provide human-annotated EGS summaries for each email thread as a whole (Loza et al., 2014; Ulrich et al., 2008) . Given a partial thread P T and a gold standard summary EGS of the corresponding full thread, an intuitive solution might be to simply use EGS ∩ P T as the silver standard. In this section we discuss potential problems with that approach as well as our solution.
Distribution of Summary Sentences
The distribution of EGS sentences across emails in a thread cannot be assumed to be uniform in all (or even most) cases; indeed, this is not the case in the dataset used in this work (a collection of 62 email threads, described further in section 5). As shown in Figure 1 , while many threads in the dataset have highly ranked EGS sentences in the first part of the conversation, others have important EGS sentences in the middle or even at the end of the con- Figure 1 : Distribution of EGS sentences in full threads. Each vertical column of dots represents a thread, with each dot representing a sentence at its relative position within the thread (beginning at 0, ending at 1). Non-EGS sentences are black dots, while EGS sentences are red circles; and larger circles indicate that a human annotator considered those sentences more important. The threads are sorted in descending order of the relative position of the highest-ranked sentences.
versation. Variations in EGS sentence distribution become a concern when generating silver standard PT summaries. In some cases, there may not be enough EGS sentences in a given PT to form a silver standard summary; in extreme cases, the PT may have no EGS sentences at all. In other cases, there may be too many EGS sentences in a PT to fit into the silver standard; and not all datasets rank EGS sentences by importance as part of the annotation. In other words, unless exactly the desired number of EGS sentences are present in each PT, some sentence selection is necessary; and this issue is exacerbated when generating silver standard summaries of arbitrary length. Our silver standard generation algorithm handles all these possibilities as described in the next section.
The Silver Standard Algorithm
We propose an oracular algorithm for generating silver standard extractive reference summaries of arbitrary length for partial threads; in other words, it references the existing gold standard for the full thread to generate silver standard summaries for the partial threads. Our silver standard system incorporates graph-based sentence scoring, which has been used extensively for summarization as discussed in section 2. Both the graph-based aspect of the algorithm and its redundancy minimization mechanism rely on word embeddings trained using a large email corpus. Our silver standard system also makes use of topic modeling. We expect the discussions in email threads to be topically coherent (though, for both individual emails and threads, multiple topics may be covered). The topical coherence of a sentence with both the PT and the gold standard are thus related to that sentence's importance in the discussion in the context of the PT as well as the thread as a whole. The topic modeling system we used exploits conversational structure.
The pseudocode for silver standard generation is given in Algorithm 1. The first step (lines 6-14) is to seed the silver standard with EGS sentences in the PT. If there are more EGS sentences than the desired silver standard length, then a sentence selection method (using human-annotated rankings if available) is applied. This first step is oracular because it directly references the gold standard. If there are fewer EGS sentences in the PT than desired for the silver standard, then the algorithm proceeds to the second step (lines 15-18), where the sentence selection method is applied to the rest of the PT sentences.
For this work, we have chosen an intuitive sentence selection method that can be used in both steps as needed. To maximize sentence importance while minimizing redundancy, the selection method uses maximal marginal relevance (MMR) (Carbonell and Goldstein, 1998) . For a given candidate sentence s for inclusion in a summary S, its MMR score is
where I(s) is an importance function, and Sim(s,S) is a similarity function comparing s to the sentences of S. For this work we set λ to 0.5.
The importance function used here incorporates graph centrality and topic segmentation. We first define P R P T (s) as the PageRank score of s in the 2 -Let P T m = {pt 1 ...pt i ...pt n } be set of sentences in the partial thread up to email m;
4 -Let SLV m = ∅ be silver summary of P T m ; 5 -Let len be desired length of silver summary; 6 while |SLV m | <min(len, |EGS|) do fully-connected graph whose vertices are the sentences of the partial thread. We choose PageRank over LexRank in order to incorporate topic modeling designed for conversational data. For each sentence in PT, a vector representation is obtained by averaging 100-dimensional Word2Vec embeddings of its words (Goldberg and Levy, 2014 ). The edge weights are then set to the cosine similarity of the vector representations of the relevant sentences. The Word2Vec model was trained on the entire Enron email corpus of ∼500K emails.
We then define T (s) as the topic of sentence s; in this work, we apply a topic segmentation method that uses fragment quotation graphs to represent conversational structure and that has been shown to work well on asynchronous conversations (Joty et al., 2013) . We then define P rom P T (T (s)), or the prominence of T (s) within the partial thread, as the fraction of PT sentences that have that topic; so if a PT containing five sentences has a total of three whose topic is T (s), then P rom P T (T (s)) is 0.6. Similarly, P rom EGS (T (s)) is the prominence of T (s) within the gold standard summary. Together, the two prominence scores form the overall topic prominence score of s:
Note that P rom EGS (T (s)) is a second oracular component of the silver standard algorithm, since it references the importance of a topic in the context of the entire thread as represented by the EGS. By increasing the likelihood of choosing sentences from the same topics as the EGS, this ensures the silver standard is oracular even in cases where there are no EGS sentences in the PT of interest. Putting graph centrality and topic prominence together, we have:
It is worth noting that the PageRank score takes values in [0,1], as do both of the prominence scores. The weights in equations 2 and 3 are set to match the simplifying assumption that the centrality of a sentence in its PT is as important as the overall prominence of its topic, and that the prominence of a topic within a PT is as important as its prominence within the larger context of the full thread. Taken together, the importance function takes values in [0,1], which is appropriate for MMR. The similarity function Sim(s, S) in equation 1 is the maximum cosine similarity of the candidate sentence s and the sentences of the in-progress summary S, using the aggregated Word2Vec representations described for the PageRank score.
Generating Partial Thread Summaries
While previous work on unsupervised full-thread summarization essentially takes as input only the thread to be summarized, Louis (2014) has shown that background knowledge can be effectively taken into account in the summarization process by applying the idea of Bayesian Surprise.
The Bayesian Surprise method is based on the intuition that, given a collection of background knowledge (such as the email history of a user or organization), the most "surprising" new information is the most significant for inclusion in a summary.
Presumably, while background knowledge should be useful for summarization in general as an additional source of information from which to infer salience, it should be especially useful for PT summarization, since the partial threads can be rather short, and thus there is relatively little information available to a given summarizer. For this reason, our PT summarization method is based on Bayesian Surprise, but it extends the existing technique to consider conversational features and incorporates a less harsh redundancy management mechanism.
Bayesian Surprise
Let H be some hypothesis about a background corpus that is represented by a multinomial distribution over word unigrams. The prior probability of H is a Dirichlet distribution:
where α i is the count of word i in the background corpus, and V is the size of the background corpus vocabulary. Suppose word w i appears c i times in the PT being summarized. We can then obtain the posterior
The Bayesian Surprise score for w i due to the PT is then the KL divergence between P (H|w i ) and P (H). Then, to obtain the Bayesian Surprise score of a sentence, one simply aggregates the scores of its words; and the sentence with the highest score is added to the summary. In order to minimize redundancy during summarization in the original proposal (Louis, 2014) , once a sentence is added to a summary, the Bayesian Surprise scores of its words are set to zero. The process is repeated until the desired summary length has been reached.
Conversational Features
As discussed in section 2, conversational features have proved useful in summarizing asynchronous conversations such as email threads. We have extended the Bayesian Surprise method to include a number of these conversational features as additional concentration parameters in the Dirichlet distributions. In order to maintain consistency with the original Bayesian Surprise method, we limit our extensions to features that can be expressed as counts of word w i ; specifically, we use the number of times w i was used:
• by the creator of the thread (whether in the initial email or afterwards) • by the dominant participant in the thread (who may or may not be the thread creator) • in emails where it also appears in the email subject line • as a clue word
The prior for the extended Bayesian Surprise method then becomes
where α 1..V are the original concentration parameters, and β, γ, δ, are the corresponding feature counts.
Surprise Decay
As discussed in section 4.1, once a sentence containing a word is added to the summary, the Bayesian Surprise score of that word is set to zero in order to minimize redundancy. While this accomplishes that goal, it may impact the measured importance of words in the larger context of the PT too harshly. In order to mitigate this effect, we propose an alternative we call surprise decay, where each time a sentence is added to the summary, the Bayesian Surprise scores of its words are multiplied by some decay factor < 1. Intuitively, this corresponds to making these words "less surprising," rather than removing the surprise entirely; this allows salient words to continue to contribute to the overall surprise of sentences in a limited way as the summary is generated. The simplest decay factor would be a constant df ∈ [0, 1), resulting in exponential decay of a given word's Bayesian Surprise score.
Dataset
We used the "corporate thread" subset of the publicly available annotated email dataset produced by Loza et. al., which was derived from the Enron email dataset (Loza et al., 2014) . The data consists of 62 email threads (from which 282 PTs can be extracted) containing a total of 354 emails and 1654 sentences. Each thread is manually annotated with abstractive and extractive summaries, as well as five ranked keyphrases. This work focuses on extractive summarization, so only those annotations were used. The keyphrases were not used here, because it is not expected that most gold standard annotations will include keyphrases.
Each thread was annotated by two annotators, so for each thread we have two sets of extractive sentences. The annotators were asked to select up to five sentences "that contained the most important information in the email, and also rank the sentences in reverse order of their importance".
To serve as a background corpus that could be used for both Bayesian Surprise methods, we used a publicly available collection of threads extracted from the Enron corpus (Jamison and Gurevych, 2013) , of which threads ∼43k had the metadata required (sender, recipient(s) and subject line in all emails) in order to extract the desired conversational features.
Experimental Setup and Results
We generated a number of summaries for each full thread as well as for its corresponding PTs. First, we generated summaries using both the original and our extended Bayesian Surprise methods (BS and BSE) discussed in sections 4.1 and 4.2. We then generated additional summaries for each method using the exponential surprise decay (-d) discussed in section 4.3 with df = 0.5.
In addition, we generated summaries using a method (CWS) that scores sentences based on the number of clue words they contain . This method was shown to perform well in email summarization, and we use it here as a baseline.
Evaluation over Full Threads
Initially, we evaluated the system summaries over the full threads against the human-annotated EGS.
The evaluation was carried out using ROUGE-1 Fscores. In the ROUGE evaluation, stemming was performed, but stopwords were not removed, consistent with previous evaluations of summarization based on Bayesian Surprise (Louis, 2014) . The system summaries were truncated to the length (in words) of the corresponding EGS. As a baseline we used a PageRank-based summarizer (PR-MMR) that scores sentences using the same sentence graphs as the silver standard algorithm and employs MMR to minimize redundancy. The results for this evaluation over full threads are given in The results of this experiment over full threads suggest that the Bayesian Surprise-based methods perform comparably to the clue words-based summarizer, and that they all significantly outperform the PR-MMR baseline (p<0.005) 2 . In addition, there appears to be some benefit to the more gradual redundancy handling provided by surprise decay, though the differences in these cases do not appear to be significant.
Evaluation over Partial Threads
To evaluate the summarizers over partial threads, we generated two silver standard summaries (one for each annotator) per PT using the algorithm in section 3. The silver standard and system summaries for each PT were truncated to a fraction of the PT length (in words). Since the silver standard algorithm generates summaries of arbitrary length, we evaluated the summarizers at both 20% and 30% of the PT length.
The hypothesis behind our use of Bayesian Surprise-based methods is that they should work particularly well for PT summarization, because PTs can be rather short, and the identification of the most informative sentences would benefit from examining a larger informational context. To test this hypothesis we sorted the 282 PTs being summarized by length and binned them into quartiles (see Table 2 ). Since BSE-d is the Bayesian Surprise-based method incorporating all of our extensions, we focus our statistical analysis on comparing it to CWS. The results of this evaluation are given in Table 3. min 25% median 75% max Length 22 104 197 329 1236 Table 2 : Length (in words) of the partial threads in the dataset used to define the quartile bins.
We observe a number of trends in Table 3 from the experiments over PTs; however, only some cases exhibit at least marginal significance. This may be due in part to limited sample size; and so we argue that further work in applying background knowledge to PT summarization over larger datasets is warranted.
Over the shorter PTs (i.e. first and second quantiles) and at both summary lengths, we observe a trend favoring our hypothesis, namely that Bayesian Surprise-based methods seem to perform better than CWS; for example, the performance improvement of BSE-d over CWS is at least marginally significant (p<0.1) for the second quartile at both summary lengths. Conversely, for the longest PTs (i.e., the fourth quantile), we see that the effectiveness of clue words is more fully realized, allowing CWS to outperform the Bayesian Surprise-based summarizers. While this difference is significant (p<0.05) for summaries of 30% PT length, it is not significant at 20% PT length; this suggests that Bayesian Surprise-based summarizers may be more robust against changes in PT summary length than CWS.
Surprisingly, the conversational features used to extend the Bayesian Surprise method have not improved summarizer performance. It may be that treating these features as equivalent to word counts is inappropriate for this task, in which case some other means of extracting these features as background knowledge should be devised. Alternatively, the inclusion of additional features, such as the number of times a word is used in the first sentence of each email in the thread, may improve the performance of the extended Bayesian Surprise summarizer.
As with the full threads, the inclusion of surprise decay seems to provide some benefit, though it appears to hamper the summarizers for the shortest PTs; this trend can be seen at 30% PT length, where BS-d outperforms BS in all quartiles except the first. This suggests that applying surprise decay factors derived from PT length and desired summary length may improve overall performance; we leave this endeavor for future work.
Conclusions and Future Work
In this work, we have defined and motivated the partial thread summarization problem. We have proposed an algorithm that uses gold standard summaries of complete threads in order to build oracular silver standard extractive summaries of arbitrary length for partial email threads. We have also applied an intuitive unsupervised summarization method to PT summarization, extended it with conversational features, and modified the mechanism by which it handles redundancy. Although in our experiments we did not find consistently significant improvements using Bayesian Surprisebased methods on partial threads, we argue that in light of the observed trends, the potential benefit of background knowledge to PT summarization (and email summarization in general) should be further investigated with larger datasets.
There are multiple directions of future work. While an obvious direction is the continued development of extractive PT summarization algorithms (eg. by applying recent summarization techniques such as ILP (Murray et al., 2010) or neural network-based summarizers (Cao et al., 2015) ), another is the abstractive summarization of partial threads. Yet another is the application of the silver standard algorithm to other asynchronous conversations, such as discussion forums, as well as other domains where some human annotation is available but reference summaries for different portions of the source document(s) are desired.
Future work may also include finding additional Table 3 : ROUGE-1 mean F-scores over partial threads (binned into quartiles by length in words) as compared to silver standard summaries. Values are given for both summary lengths (20% and 30% of PT length). Bolded ROUGE scores are the highest for their quartile and summary length category. P-values are given for the comparisons between BSE-d and CWS; underlined p-values indicate at least marginal significance (p<0.1).
ways to incorporate background knowledge into email summarization. For example, Bayesian Surprise scores may be used in tandem with other features to develop summarizers that are more robust against changes in document length. An advantage to the study of PT summarization is that it may reveal whether current summarization techniques perform differently on in-progress threads than on complete, archived ones. For example, if a summarizer uses features that may depend on the entire email thread (eg. the relative positions of sentences in the thread, completed dialog acts, etc.), then those features may have a different significance when applied to PTs than they do for complete threads. Similarly, PT summaries may give insights into the development of email threads over time. For example, the summaries generated for an earlier PT may have features that are useful in summarizing a later PT or in predicting aspects of a thread's future development. To further the study of PT summarization, another direction of future work is a thorough categorization of the differences between full and partial threads, as well as differences between PTs at different stages of development. Such differences may be found, for example, in lexical and topic diversity, as well as dialog act initiation and/or completion.
